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[Abstract]

This study proposes the Revised Structural Model for Stimulatory and Sedative Music (SMSSM-R), which quantifies the
Structural Model for Stimulatory and Sedative Music (SMSSM) framework using audio signal features. It also integrates
SMSSM-R with an attention-based multi-task Long Short-Term Memory (LSTM) model to develop a music emotion analysis
system that supports emotion prediction and provides structure-based interpretive cues. Experimental evaluations using the PMEmo
dataset showed that the SMSSM-R variables improved valence prediction compared with the baseline model. In particular, the
integrated feature set (Case C) achieved the most balanced predictive performance across major regression metrics for both valence
and arousal dimensions. These findings suggest that SMSSM-R-based variables can be utilized as input features for music emotion
prediction and may provide interpretive cues for connecting the prediction results with the structural characteristics of music.
Accordingly, this study contributes by proposing an explainable music emotion recognition framework that incorporates variables
derived from music intervention theory.
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Table 1. Definition of sedative-stimulative quantitative features based on SMSSM-revised

Category Variable Name Definition
o Formal_Complexity Irz\fjtesriizlrpoezriqsure of structural complexity reflecting simplicity and comprehensibility of
Frequency_of_Structural_Change Inverse measure of structural change frequency indicating structural stability
Repetition Repetition_of_Musical_Elements Eg%riec?aglfityrepetition in melody, rhythm, and harmony reflecting familiarity and
Meter Metric_Variability Inverse measure of metrical variability reflecting temporal regularity
Sllence Frequency_of_Silence_Pauses Inverse measure of silence occurrence reflecting continuity of sound flow
Predictability_of_Silence_Pauses Predictability of pause timing reflecting stability of musical phrasing
Rhythmic_Regularity_Periodicity Degree of rhythmic regularity and periodic repetition
Repetition_of_Rhythmic_Patterns Degree of repeated rhythmic patterns reflecting familiarity
Aythm Rhythmic_Variability Inverse measure of rhythmic variation reflecting rhythmic stability
Predictability_of_Rhythm_Change Predictability of rhythmic transitions and changes
Tempo Tempo_Variability Inverse measure of tempo variation reflecting tempo stability
Predictability_of_Tempo_Change Predictability of tempo transitions within expected ranges
Tonality Frequency_of_Key_Change Inverse measure of tonal change frequency reflecting tonal stability
Predictability_of_Key_Change Predictability of tonal modulation and harmonic movement
Melody Frequency_of_Melodic_Change Inverse measure of melodic variation reflecting melodic stability
Predictability_of_Melody Predictability of melodic progression and contour
Consonance_Dissonance_Level Degree of harmonic consonance relative to dissonance
Harmony Harmonic_Density_Complexity Inverse measure of harmonic density and complexity
Frequency_of_Harmonic_Change Inverse measure of harmonic progression changes
Predictability_of_Harmonic_Progression | Predictability of chord progression and harmonic flow
Timbre Timbre_Instrumentation_Variability Inverse measure of timbral and instrumental variability
Dynamic_Range Inverse measure of loudness variation reflecting dynamic stability
Dynamics Impression_Change Inverse measure of expressive variation reflecting consistency of musical impression
Frequency_of_Dynamic_Change Inverse measure of dynamic change frequency
Predictability_of_Dynamic_Change Predictability of dynamic transitions
Tension_Building Inverse measure of tension accumulation reflecting relaxation tendency
Tension/Re Relaxation Degree of tension release and relaxation
laxation Clarity_of_Resolution Clarity and completeness of tension resolution
Delay_Lack_of_Resolution Inverse measure of delayed tension resolution
Recording_Quality Clarity and fidelity of audio recording quality
Quality Performance_Quality Stability and consistency of musical performance
Emotional_Clarity Clarity of intended emotional expression
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Fig. 1. Emotion distribution in the valence-arousal space

T8 2. 27U Wof| e PCA 7|8 28 22 |

Fig. 2. PCA-based cluster distribution by scaling method

A9 MBS A ARFE 5~62d|Y, & oF 2.5~3%0
FH o] 7 vk A1 BAo] ERlE ATk Valence WH
2 A9 Mg A AlAHE 0~8Z ) ool AR
o AL AR Fgke] B Sl o yERT
E AFoM= HHES d3AdS 2138l Valence$} Arousal
T 5Zed(eF 2.5%)9] X HAS AH&390) o]
upel A1 BA 9 Eefoly g 7wk A A ol
A FrE Al o] o3 AR Ly E o] A|9H S
own HF B do|gHAle 751, 32,627ZH Yo 4
= Ak

2. Hlole MAz|, Ha M8 3 EM HolH i
Table 2. Overview of data preprocessing, feature selection,
and analysis dataset

ltem Processing Method

Non—-normality | Upper and lower percentile—based clipping
and Outliers | followed by Min-Max normalization (0—-1)

Emotional Delay correction of 5 frames (approximately 2.5
Response Delay | seconds) applied to both Valence and Arousal

Sequential removal based on VIF < 15 criterion

Multicollinearity (18 variables removed; 36 variables retained)

Split at the music_id level to prevent frames from
Data Splitting | the same track being distributed across different
subsets

Final Analysis

751 tracks and 32,627 frames
Dataset

4) EDA 3 % AAe] AF

2 Q17 SMSSM-R o] & 7]k 0] avks g4 o
2 A58 Sl vl 7 AR Alolag ARSI e
Aolzolli= FUE Attention-Based Multi-Task LSTM
wES 28], A po|7h wEl 27} ol Y7 W
T3] ApelelA 7Ilekes FAIS3IHE Baseline
Librosa 2fo|H# 8 & B3] =3 A5F &3 B4 6712

T,

id

3-4 49 24

3. A8 Ao~ 7Y
Table 3. Configuration of experimental cases

Feature LT B
Case o of Theoretical Basis
Composition
Features
. Librosa acoustic Pure low—level acoustic
Baseline 67 ) .
features signal representation
SMSSM-Revised D|rectlexplanatory
variables for
Case A (Valence— 22
Valence—Arousal
Arousal) . )
dimensions
SMSSM-Revised )
Case B (Sedative— 30 Music therapy—-based
. ’ structural framework
Stimulative)
Integrated Multidimensional musical
Case C features (after 36 characteristics with
VIF removal) reduced multicollinearity

D ©lolg ®&: musiciid 7]1FSZ train  64%,
validation 16%, test 20% v]&= £

2) ¥k A¥: Repeated Random Holdout, random seed
571(42~46), % 45 mean + std= Bl

3) sjolHuelulE AA: learning rate {0.01, 0.001,
0.0001}, hidden dimension 132, 64, 128}, dropout {0.1,
0.2, 0.3}l 3+ Grid Search (2771 Z3H

¥ 4. 70|AY =& sto|mui2io|H
Table 4. Optimal Hyperparameters by Case

Case Learning rate Hidden dim Dropout
Baseline 0.001 128 0.3
Case A 0.01 32 0.3
Case B 0.01 128 0.3
Case C 0.01 128 0.3

4) 85 &7: Apple MacBook Pro(Apple M4, 2024),
Apple Silicon MPS ®al= Python 3.11.15, PyTorch
2.11, ¥zl =7] 32, HA oF 20, Adam JE|"}o]A
(weight decay=1e-5)

5) A% 71Hd:

D SMSSM-R 7|4k #H4x(Case A, B, C)& Baseline
H =2 71 oS A5S 1Y Floltk

@ V/A dR(Case A} JG-A= H4(Case B)+=
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Multi-Task &% 3|l=& A3k  Attention-Based 0= Ao music_id 717 53] Wk Bae Hal Aao)
. o MAFa B o x o = A5 music_id 71 Slas e = A
Multl—Task LSTMS AZISkle,. & el Soeld 0 o oaay L st HFEHIT SMSSM-R

o2 T 9l AlAA UolA] obe Bl Shesa) 81 X v Armean x st S
o 71 WS ARSSE Case A, B, C= AWM 2.2 Baseline
- . T DAy |
w5 Aislelon, % A ol 4us BEa T
] eE AeS Holth 53] Case C: Valence®}
ot} B3 Self-Attention 55 F7Fste] 48 Al W) »
_ Arousal®] Pearson #7152 Arousal®] Reol|lA 7Hd =
oA A dZe) FQ8F A|7F 77k ARE gy o Z db
o T e e dehilel £ 7 A1) Akt oSl A1
. . _ — ‘8o = T e A 1S = g 8
st = Q== &) Valence$} Arousale U3 74
ﬁ:}o A A TE B EA 7};]_; Ll e 2l Ao g I} WA Quadrant Accuracy+= Case
o © — RE < 7FIt}. Valence
C o Lo o1 AZF 71 A U 7Y AR el i e 1
= 24, 3P, e Rk 22 Al A ey} B Ay,
&= W, Arousal B1¥, &% glF 9% 5 EE4] <y
A Sl A o= U]ﬂs}'jr olel  #74 Ahdel & 2) Permutation Importance ¥4
AAE BHE THA R HF F WA s 44 = 7} ¢)8] W22 9|7 X843k B Pearson r TS
HAQ SAAETE Tl ASH =S Multi-Task 755
A&ttt e SEold Amg WAoR sl ¥ 6. A 71|0|AH permutation importance &8¢l 570 B (Ar
A= 7= 20 A(SF 102)0]H, Z+ 48 AdaE o mean 7|&)
A A|A 7132 o)A 207) ZH|¢le] &3 EX o7 o]Fo] R Table 6. Top-5 variables by permutation importance per case
EFA 2k Ak 28l e] Valence$} Arousalo|t), HEl& # Baseline Case A Case B Case C
2719] Bidirectional LSTM #o]o]e} Self-Attention 32 1 MECC_1 a9—<ivnarpi0—i Ti\f/ﬂbret—),'lhtst— a9—ot'vnartﬂi0—i
ntensity ariapiity ntensity
2 A5, o) 2t 2 AL AFeh HRA el 0159 | o550 | ‘01s) | (0071
AZSE A3t Bidirectional -2l Wt HF 24 ® Spectral Bw | @2-metervar |, .| Timbre_Inst_
F o] 2L hidden dimension®] 2817} Fc}. 2 p(0 094) iaility nsity (0.100) Variability
’ (0.025) ’ (0.049)
3-6 I AE 3 | Spectral_Roll VZ&T?S:;%Z_ lmp;isns'zn‘c v8_timbre_wa
off (0.041) (0.023) © ogg) rmth (0.015)
Valence®} Arousal> A= ThE Whg EAS AY B, 12 a8_timbral_br | Freq_Dynami | v7_harmonic_
AlE T 7 29l %%ﬁ ol 3 ANxE=E Hrlskqict o 4 ?r%iegt(rglbgi? ightness c_Change | consonance
o FF AL AT A5 @ A9 A5 Pl e A . B LL L)
- . - . Pred_Dynami | a4_tempo_va
Rl S8 BAR & W) W & 9 A ©.015) | minlocon | oChange | daviy
Pearson J#AG(r), BAEUSAHMAE), ZGAG(R?) ' ' (0.035) (0.007)
5. MY 7Alo|laH o F M5 HIt 23t (Mean = std, n=5)
Table 5. Comparative performance of experimental cases (Mean = std, n=5)
Case Pearsonr | Pearsonr MAE MAE RMSE RMSE R R Quadrant
(V) (A) (V) (A) (V) (A) (V) (A) Acc
Baseline 0.5543 0.6799 £ 0.1069 £ 0.1035 £ 0.1355 £ 0.1322 £ 0.2849 + 0.4469 + 0.6846 +
0.0638 0.0352 0.0065 0.0047 0.0104 0.0066 0.1019 0.0444 0.0357
Case A 0.6483 0.7016 £ 0.1014 £ 0.1008 £ 0.1290 £ 0.1295 £ 0.3915 £ 0.4738 £ 0.7124 £
0.0368 0.0114 0.0075 0.0021 0.0080 0.0036 0.0544 0.0221 0.0150
Case B 0.6192 = 0.6852 + 0.1057 £ 0.1053 £ 0.1335 £ 0.1323 £ 0.3447 £ 0.4492 £ 0.6821 £
0.0580 0.0413 0.0094 0.0060 0.0118 0.0067 0.1045 0.0584 0.0240
Case C 0.6575 = 0.7457 £ 0.1004 £ 0.0926 £ 0.1286 £ 0.1203 £ 0.3973 £ 0.5463 * 0.7066 +
0.0355 0.0234 0.0086 0.0046 0.0125 0.0067 0.0582 0.0327 0.0215
http://dx.doi.org/10.9728/dcs.2026.27.6.1647 1654
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Table 7. Paired t-test results: Baseline vs each case

Metrics Case A Case B Case C
Valence A=+0.094, A=+0.065, A=+0.103,
Pearson r p=0.027" p=0.044" p=0.011"
Arousal A=+0.022, A=+0.005, A=+0.066,
Pearson r p=0.307 ns p=0.775 ns p=0.017"
Valence R A=+0.107, A=+0.060, A=+0.112,
p=0.038" p=0.252 ns p=0.016"
Arousal B2 A=+0.027, A=+0.002, A=+0.099,
p=0.178 ns p=0.912 ns p=0.008""
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